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Paternal diet can impact metabolic phenotypes in
offspring, but mechanisms underlying such inter-
generational information transfer remain obscure.
Here, we interrogate cytosine methylation patterns
in sperm obtained frommice consuming one of three
diets, generating whole genome methylation maps
for four pools of sperm samples and for 12 individual
sperm samples, as well as 61 genome-scale methyl-
ation maps. We find that ‘‘epivariation,’’ either sto-
chastic or due to unknown demographic or environ-
mental factors, was a far stronger contributor to
the sperm methylome than was the diet consumed.
Variation in cytosine methylation was particularly
dramatic over tandem repeat families, including ribo-
somal DNA (rDNA) repeats, but rDNA methylation
was strongly correlated with genetic variation in
rDNA copy number and was not influenced by
paternal diet. These results identify loci of genetic
and epigenetic lability in the mammalian genome
but argue against a direct role for sperm cytosine
methylation in dietary reprogramming of offspring
metabolism.
INTRODUCTION
The environmental conditions experienced by an organism can
influence the phenotypes of future generations. In mammals,
examples in which ancestral environmental conditions affect
offspring phenotype include relatively well-studied effects of
maternal dietary treatments on offspring metabolism (Harris
and Seckl, 2011; Li et al., 2011), but also a number of cases in
which paternal environmental conditions affect phenotypes in
offspring (Rando, 2012). Paternal effect paradigms include toxin
exposure, stress paradigms, and awide variety of dietary manip-
ulations. In rodents, males subjected to various dietary perturba-750 Developmental Cell 35, 750–758, December 21, 2015 ª2015 Elstions, including low-protein diet, high-fat diet, caloric restriction,
and intermittent fasting, sire offspring with altered glucose and
lipid metabolism, relative to males consuming amatched control
diet (Anderson et al., 2006; Carone et al., 2010; Jimenez-Chill-
aron et al., 2009; Ng et al., 2010; Radford et al., 2012, 2014; Wat-
kins and Sinclair, 2014; Wei et al., 2014). In humans, epidemio-
logical studies have linked ancestral nutrition to children’s and
grandchildren’s rates of diabetes, obesity, and cardiovascular
disease (Lumey et al., 2007; Pembrey et al., 2006). Despite this
wealth of phenomenology, the mechanistic basis by which fa-
thers influence their children’s phenotype remains obscure.
Cytosine methylation is one of the best-characterized epige-
netic marks in mammals (Cedar and Bergman, 2012; Deaton
and Bird, 2011; Feng et al., 2010) and is often implicated in
transgenerational inheritance paradigms (Daxinger and White-
law, 2012). Paternal diet can affect cytosine methylation in
offspring tissues; for instance, we previously reported that
paternal low-protein diet causes a reproducible 10% change
in cytosine methylation at an enhancer of the lipid regulator
Ppara in offspring livers (Carone et al., 2010). However, in this
case and in many related cases, the cytosine methylation
changes reported in offspring somatic tissues were not present
in sperm of the treated males, indicating that these methyl-
ation changes are established at some point following fertiliza-
tion, and thus cannot be the gametic information responsible
for metabolic reprogramming of offspring. Such observations
have motivated a number of investigators to focus on cytosine
methylation in sperm of control and treated animals. Two recent
studies reported reproducible cytosine methylation changes in
sperm of males subject to in utero undernutrition (Radford
et al., 2014), or subject to diet and drug-induced prediabetes
(Wei et al., 2014), with a subset of these methylation changes
persisting in offspring tissues.
However, these and other cytosine methylation changes re-
ported in paternal effect paradigms are quantitatively modest,
with 10%–20% changes in methylation being typical. In princi-
ple, modest methylation differences at individual CpGs cannot
account for penetrant offspring phenotypes because of the
‘‘digital’’ nature of sperm. As each sperm carries a single haploid
genome, a CpG with 20% methylation thus means that one inevier Inc.
five sperm is methylated at that CpG, and a change from 20% to
40% methylation at a single CpG merely alters the frequency of
sperm with a methylated CpG from one in five sperm to two in
five sperm. As fertilization involves the fusion of a single sperm
with a single oocyte, modest methylation changes at individual
CpGs at best should only alter penetrance of a phenotype across
a set of siblings. With that said, if small yet consistent methyl-
ation changes occur independently across multiple (presumably
adjacent) CpGs in sperm, and if methylation levels are integrated
across a locus to alter phenotype in offspring, then digital sperm
could in principle exert continuous control in a penetrant manner
across a set of siblings. Given the moderate resolution of prior
studies on dietary effect paradigms in mammals, it remains plau-
sible that single-nucleotide resolution whole genome maps of
dietary effects on cytosine methylation could uncover genomic
loci with the potential to penetrantly transmit paternal informa-
tion to offspring.
Beyond environmentally directed cytosine methylation
changes, variability in cytosine methylation among control ani-
mals, known as ‘‘epivariation’’ (Irizarry et al., 2009; Whitelaw
and Whitelaw, 2008), also contributes to the sperm epige-
nome. For example, we previously reported that siblings on
different diets exhibited more similar sperm methylation pat-
terns than did control animals that were more distantly related
(Carone et al., 2010), despite using inbred animals. Therefore,
it is of great interest to uncover the relative contributions of
epivariation versus environmental influences on the sperm
epigenome.
We therefore sought to investigate the effect of post-weaning
diet, and of epivariation, on cytosine methylation patterns in
murine sperm. Genome-scale methylation assays of 61 sperm
samples confirmed our prior findings that epivariation has a
greater influence over the epigenome than any of the environ-
mental conditions tested. Whole genome analyses highlighted
tandem repeat regions as being particularly susceptible to vari-
ability in cytosine methylation, and follow-up studies on rDNA
and other repeats revealed that tandem repeat methylation
was highly variable between inbred mice, but did not exhibit
consistent responses to paternal diet. Cytosine methylation at
the rDNA loci was heritable from father to child and was linked
to rDNA copy number variation, emphasizing a key role for
genetic variation in driving variation in the ‘‘epigenome,’’ even
in inbred animals. Our results do not support a role for cytosine
methylation changes in sperm as the central mechanism un-
derlying post-weaning effects of paternal diet on offspring
metabolism.
RESULTS
Genome-wide Methylation Profiles of Four Sperm Pools
Previous studies from our lab and several others (reviewed in
Rando and Simmons, 2015) document an effect of paternal diet
on offspring phenotype, and in vitro fertilization (IVF) studies in
our lab reveal that dietary information is carried in sperm in
both low-protein and high-fat diet paradigms (J.M.S., A.K.,
R.W.S., B.R.C., M.G., O.J.R., et al., unpublished data). We have
therefore initiated an extensive series of genome-wide studies
inmouse sperm to attempt to identify dietary effects on the sperm
epigenome. Here, we focus on cytosine methylation patterns inDevelopmesperm isolated frommales maintained from weaning until sexual
maturity—from 3 weeks of age until 10–14 weeks of age—on
various diets. We focused on animals maintained on control,
low-protein (10% instead of 19%protein, with remaining calories
contributed by sucrose), or high-fat (60% instead of 20% fat cal-
ories) diets. For all experiments described below, mature sperm
were isolated from cauda epididymis and vas deferens and strin-
gently washed with somatic cell lysis buffer, with all preparations
being >99% pure, as assessed by microscopy.
In order to characterize the cytosine methylation landscape
genome-wide, we first carried out whole genome shotgun bisul-
fite sequencing (WGBS) of genomic DNA isolated from sperm.
We generated four pools of sperm samples from paired sets of
sibling animals weaned to alternative diets and included a sepa-
ratematched set of control siblings for the low-protein pool (n = 8
animals in each pool) and for the high-fat (n = 7) pool (Table S1).
This pooling strategy should be relatively robust (but see below)
to epivariation between non-littermates (Carone et al., 2010), as
paired sets of siblings underlie the control/low-protein compari-
son and the control/high-fat comparison. On average, 1.4 billion
reads were generated for each pool, yielding an average of
47-fold mean genomic coverage. This sequencing depth and
experimental design exceeds the ‘‘gold standard’’ 303 depth
commonly achieved in WGBS datasets, sufficient to enable the
robust identification of differentially methylated regions associ-
ated with small methylation differences (Ziller et al., 2015).
As previously observed (Molaro et al., 2011), sperm are overall
highly methylated, with regions of focal hypomethylation occur-
ring at CpG-rich regulatory elements such as promoters and
enhancers (Figures 1A and 1B). Consistent with our prior anal-
ysis using MeDIP-Seq (Carone et al., 2010), the methylome
was generally insensitive to diet (Figures 1C, 1D, and S1)—the
majority of CpGs were either completely unmethylated or meth-
ylated, and these CpGs were unaffected by paternal diet, while
individual CpGs with intermediate methylation levels (20%–
80% methylated) exhibited modest changes (up to 20%–
30% methylation differences) between samples. Consistent
with studies of somatic cell methylation patterns (Irizarry et al.,
2009), CpGs that were differentially methylated between sam-
ples were commonly found 1–2 kB from CpG islands, in so-
called CpG island shores (see below).
Differentially methylated CpGs between sample pairs were
identified using a sequencing depth-sensitive statistic. As
modest (10%) methylation changes at any individual CpG in
sperm cannot account for penetrant phenotypic effects on
offspring (see Introduction), we therefore searched specifically
for short (300 base pairs [bp]) clusters of CpGs showing consis-
tent dietary effects on methylation (Table S2; similar results were
obtained with 100- and 1,000-bp windows). The majority of loci
identified occurred in tandem repeat regions, notably the rDNA
clusters (Aldrich and Maggert, 2015), but also including gene
families such as the interferon zeta (Ifnz) gene family, defensins,
cytochrome P450 genes, Mrgpra/b genes, Skint genes, and
many others (Figures 2 and S2). These loci were generally hyper-
methylated in the low-protein sample and hypomethylated or
unaffected in the high-fat sample, relative to the matched
controls. A smaller set of CpGs, such as those located in the
pseudoautosomal region of the X chromosome, exhibited the
opposite methylation behavior (Figures S2D and S1E). Beyondntal Cell 35, 750–758, December 21, 2015 ª2015 Elsevier Inc. 751
Figure 1. Whole Genome Cytosine Methylation in Murine Sperm
(A) Examples of typical methylation profiles. For the two genes shown, cytosine methylation data for each of the four libraries—control 1, high fat, control 2, and
low protein—are shown. Each vertical bar represents themethylation percentage for a single CpG. Typical here is a general background of completemethylation,
with hypomethylation occurring at CpG islands such as promoters.
(B) Average cytosine methylation for each of the four libraries plotted over CpG islands and surrounding DNA. CpG islands were length normalized for this
visualization.
(C and D) Scatterplots for individual CpG methylation levels between the matched control and high-fat pools (C) or between matched control and low-protein
pools (D). Data are shown for the 80% CpGs with the greatest read depth (n = 16.1 and 16.6 million CpGs for C and D).
See also Figure S1.these relatively long differentially methylated regions, we found
few dietary effects on cytosine methylation, with most methyl-
ation differences being modest (10%) changes occurring at a
handful of CpGs located in CpG island shores (see example
in Figure S2E). Although repetitive elements have been impli-
cated in transgenerational effects of some dietary perturbations
(Waterland and Jirtle, 2003), averaged methylation over repeat
elements was also generally unaffected by diet (Table S3).
As 10%methylation changes occurring over small numbers of
cytosines are unlikely to account for penetrant dietary effects on
offspring, we focused on methylation changes over gene family
clusters such as the rDNA and Ifnz clusters.
Genome-Scale Analysis of Epivariation
Methylation differences identified in pooled animal samples
could result from modest but penetrant changes across many752 Developmental Cell 35, 750–758, December 21, 2015 ª2015 Elsanimals or could be driven by larger changes occurring in a sub-
set of animals, as might be observed with highly ‘‘epivariable’’
loci. Indeed, cytosine methylation at rDNA repeats has previ-
ously been shown to vary significantly between individual inbred
mice (Shiao et al., 2005, 2012). Consistent with this latter possi-
bility, most of the apparent dietary effects on cytosine methyl-
ation described above, not only over tandem repeat gene
clusters but more generally, also exhibited substantial methyl-
ation differences between our two control pools (Figures 2,
S1D, and S2).
We took two approaches to further explore dietary effects
on methylation and to characterize epivariation across mul-
tiple individual animals. First, we generated relatively low-depth
(73 coverage)WGBSdatasets for 12 individual sperm samples
obtained from trios of littermates split to control, low-protein, or
high-fat diet (Table S1). These data did not recapitulate theevier Inc.
Figure 2. Methylation Differences Primarily Occur over Repeated Gene Families
(A) Methylation changes over the 5S rDNA locus on chromosome 8, shown as low protein minus its matched control pool; positive values indicate hyper-
methylated loci in low-protein diet. The top shows 2 MB of chromosome 8 surrounding the 5S rDNA repeats, and bottom is a zoom-in as indicated.
(B) Zoom-in on four repeats of the 5S rDNA locus, showing low-protein minus control, high-fat minus control, and control 1 minus control 2, as indicated. For all
three images, the scale runs from 25% to +25%.
(C) Absolute methylation levels (from 0 to 100%) for the loci shown in (B).
(D–F) Additional loci hypermethylated in the low-protein pool, as in (B).
See also Figures S2 and S3.dietary effects on tandem repeat loci observed in the WGBS
pools (Figures S3A and S3B), strongly arguing that the apparent
dietary effects described above were driven by epivariation. To
generally identify epivariable genomic loci across individual
sperm samples, we calculated average methylation level for all
300-bp tiles (filtered for minimum coverage and methylation
levels) and identified the 2,000 tiles exhibiting maximal variance
across the individual sperm samples. Clustering these data did
not group sperm samples by diet (Figure S3C), further support-
ing the observation that epivariation between animals is a far
greater contributor to the sperm methylome than is the diet
consumed by a given animal.
To investigate epivariation across a greater number of individ-
ual sperm samples, we next turned to reduced-representation
bisulfite sequencing (RRBS) to characterize the methylome at
4% of CpGs across the mouse genome, with a preference
for CpGs located in CG-rich regulatory elements (Bock et al.,
2010). This dataset included 61 sperm samples (Table S1) iso-
lated frommales on one of several treatment regimens, primarily
control, low-protein, or high-fat diets. Our methylation data reca-
pitulated known features of the mammalian sperm methylome,Developmewith a bimodal distribution of methylation values, a strong anti-
correlation between CpG density and methylation levels, and
maintenance of cytosine methylation over repeat elements
even at relatively high CpG density (Figures S4A–S4E).
Our sperm methylation data were highly reproducible, with an
average inter-sample correlation coefficient of 0.967 (Figures 3
and S4F). Interestingly, clustering sperm samples by their meth-
ylome did not group animals based on diet (Figure 3A). Indeed,
the distribution of correlations between pairs of control animals
or between pairs of low-protein animals was indistinguishable
from thedistribution of correlationsbetweencontrol and low-pro-
tein animals (Figures 3BandS4G). This is consistentwithour prior
observation (Carone et al., 2010), made using MeDIP-Seq, that
sibling animals maintained on different diets had more similar
spermmethylomes than did non-sibling pairs of Control animals.
We confirm and extend this observation, finding that sperm from
sibling animals were epigenetically more similar, whatever the di-
etary conditions experienced by the siblings, than were sperm
samples obtained from non-siblings maintained on identical
diets (Figure 3B). Together, these results emphasize a dominant
role for epivariation, possibly stochastic (Schmitz et al., 2011)ntal Cell 35, 750–758, December 21, 2015 ª2015 Elsevier Inc. 753
Figure 3. Epivariation among 61 Sperm
Samples
(A) Correlations between 61 individual RRBS
libraries. The environmental conditions for each
male are indicated as colored boxes. In addition
to control, low-protein, and high-fat diets, data
include animals subject to caloric restriction
(60% of the diet mass consumed by ad libitum fed
controls), nicotine (administered 200 mg/ml free
base in saccharine-sweetened drinking water), and
the matched tartaric acid control.
(B) Cumulative distribution plots for inter-sample
correlations, for the indicated animal pairs.
(C) Heatmap showing 748 regulatory elements
(promoters, distal CpG islands, and CpG island
shores) as rows, with all CpGs within each element
averaged. Heatmap shows zero-centered data,
grouped both by animal and by regulatory element.
(Right) CpG island shores are blue bars, showing
that these represent the majority of epivariable loci
in this dataset.
See also Figures S4 and S5.or potentially induced by unaccounted-for demographic factors
(time of year, number of littermates, etc.), in the sperm epige-
nome. These results are generally consistent with observations
from mouse somatic tissues (Feinberg and Irizarry, 2010), Arabi-
dopsis (Schmitz et al., 2011), and other organisms identifying
variability in methylation patterns between nominally genetically
identical organisms maintained under controlled conditions.
To constrain hypotheses regarding the mechanistic basis for
this epivariation, we sought to uncover the genomic loci subject
to high levels of epivariation. For each individual CpG, we calcu-
lated the average methylation level for all 61 animals and then
identified 3,396 CpGs exhibiting the greatest variation across
our set of 61 animals. Consistent with prior observations in so-
matic cells (Irizarry et al., 2009), we found an overabundance
of epivariable CpGs in CpG island ‘‘shores’’ (Figures S5A and
S5B). Similar results were also obtained using averaged data
for various regulatory elements (promoters, non-promoter CpG
islands, and CpG island shores). Figure 3C shows 748 epivari-
able regulatory elements, grouped both by sperm sample and
by regulatory element, revealing an enrichment for CpG island
shores. We have been unable to identify animal parameters
(weight at sacrifice, etc.) that explain the clustering of sperm
samples observed here, and it is of course possible that variation
at these loci is stochastic and not environmentally responsive.
Together, these data reveal that epivariation, rather than diet,
is the primary driver of variation in cytosine methylation between
murine sperm samples, and identify a small number of genomic
regions that exhibit unusually high levels of variation relative to
the rest of the genome.
Extensive Methylation Variability at the rDNA Repeats
Although most of the genomic loci that exhibit changes in
methylation between sperm pools in our WGBS dataset are754 Developmental Cell 35, 750–758, December 21, 2015 ª2015 Elsevier Inc.not covered by RRBS reads, a subset of
the CpGs in the rDNA and the Ifnz clusters
are represented in our RRBS dataset and
are among the most highly epivariable lociin this dataset (Figure 3C). These data, along with the failure of
our low-coverage WGBS data to recapitulate dietary effects on
these tandem repeats (Figure S3), indicate that the apparent
diet-related changes in methylation in our WGBS dataset are
likely to result from high levels of epivariation at these loci that
was not eliminated by our sample pooling strategy. To further
explore dietary effects on cytosine methylation at epivariable
loci, we carried out pyrosequencing to quantitatively assay
cytosine methylation at the 45S rDNA loci across more than
200 sperm samples. We also measured cytosine methylation
levels at additional loci that show apparent dietary effects in
our WGBS dataset, and at a number of loci previously reported
to exhibit nutrient-related changes in cytosine methylation (Wei
et al., 2014), in smaller numbers of sperm samples. Pyrose-
quencing measurements were robust between individual bisul-
fite conversions of the same DNA (Figure S6A), were correlated
between sperm and testis samples from the same male (Fig-
ure S6B), and were independently validated for a subset of ani-
mals using a methylation-sensitive restriction enzyme-based
assay (not shown).
Bisulfite pyrosequencing of over 200 sperm samples (223 and
289 samples analyzed for 45S body and ETS regions, respec-
tively) confirmed extensive epivariation at two locations within
the 45S rDNA locus, with methylation levels at individual cyto-
sines in the 45S spacer promoter varying from 10% to 60%
between sperm samples (Figures 4A and 4B). Although methyl-
ation differed by as much as 20% between animals for many
pairs of littermates on different diets, neither low-protein nor
high-fat diet showed consistent effects on methylation at this
locus. As with other aspects of the sperm epigenome, variation
between sibling animals, whatever their diet, was significantly
lower than variation between non-sibling pairs of animals (Fig-
ure 4C). These data confirm that the apparent effect of diet on
Figure 4. Lack of Consistent Dietary Effects
on rDNA Methylation
(A and B) Scatterplot comparing 45S methyl-
ation levels for Control animals (x axis) along with
matched siblings raised on various diets (y axis).
Schematic above each panel shows a red star
indicating the location of pyrosequencing primer
pair (primer pairs encompass 10 CpGs and 3 CpGs
for A and B, respectively). Although siblings on
different diets exhibit up to 20% changes in
methylation at the 45S rDNA locus, such dietary
effects are not observed consistently across paired
sperm samples.
(C) Absolute rDNA methylation differences plotted
for pairs of sibling males (red bars) or for control
animals from different litters (blue bars). Note that
control-control comparisons only include com-
parisons between C57 animals or between FVB
animals, given that C57 and FVB strain back-
grounds exhibit consistent differences in rDNA
copy number and methylation.
See also Figure S6.rDNA methylation in sperm observed in our WGBS dataset re-
sults from extensive animal-to-animal variation at this locus,
which was not averaged out in our eight animal pools. Moreover,
we find that several other regions apparently subject to dietary
influence on cytosine methylation from our WGBS dataset, or
from prior studies on paternal prediabetes (Wei et al., 2014),
similarly do not exhibit changes in cytosine methylation in
response to low-protein diet (Figure S6C; not shown). As our
mouse strain background and our dietary regimen differ from
this prior report, this last finding does not necessarily dispute re-
ported findings, but overall, we conclude that few, if any, repro-
ducible changes in cytosine methylation occur in sperm as a
result of consumption of low-protein or high-fat diets.
Heritability of rDNA Methylation
Althoughwedonot find consistent dietary effects on sperm rDNA
methylation, the differences in cytosine methylation at the rDNA
repeats in sperm could nonetheless be epigenetically inherited
from fathers to offspring and could potentially influence offspring
phenotype.We established a pipeline, based on IVF, in which we
could jointly characterize the epigenome in a sperm sample and
characterize the phenotype of offspring generated using a small
aliquot of the very same spermsample (Figure5A).Becausemany
paternal effect paradigms, including our system using paternal
low-protein diet, alter mRNA abundance for lipid metabolism
genes in offspring livers (Carone et al., 2010; Radford et al.,
2012), we characterized not just rDNA methylation but also
Sqle expression in offspring livers. Across 25 sperm samples
and 75 paired offspring, rDNA methylation levels in the sperm
were significantly maintained in offspring livers (Figure 5B).
The high heritability of cytosine methylation at the rDNA loci
was surprising given the near-global erasure of paternal methyl-Developmental Cell 35, 750–758, Dation patterns upon fertilization in mam-
mals (Feng et al., 2010; Smith et al.,
2012). As tandem repeat loci such as the
rDNA loci are subject to relatively rapid
copy number changes (Aldrich and Mag-gert, 2015; Paredes et al., 2011; Shiao et al., 2012), we hypoth-
esized that the variation in cytosine methylation at the 45S locus
described above might reflect a homeostatic response to rapid
genetic variation in rDNA copy number. We used digital PCR
to quantitate rDNA copy number in 33 sperm samples, finding
a nearly 5-fold range in rDNA copy number between individual
sperm samples (Figure 5C). Consistent with our hypothesis,
rDNA methylation was positively correlated with rDNA copy
number (Figure 5C), strongly suggesting that the apparent epige-
netic inheritance of rDNAmethylation levels is instead secondary
to genetic inheritance of rDNA copy number.
DISCUSSION
In this study, we investigate dietary effects on the landscape of
cytosine methylation in mature sperm in detail. We find no
consistent effects of low-protein or high-fat diet on the sperm
methylome. Instead, a variety of repeat loci are subject to dra-
matic epivariation between siblings, and more detailed study of
the rDNA loci reveals that this ‘‘epivariation’’ is linked to genetic
variation in copy number at this locus. Interestingly, a recent
report in flies linked male diet to rDNA copy number changes
in offspring (Aldrich and Maggert, 2015), but here we find no
consistent dietary effect on methylation or copy number of these
loci in mice in response to two dietary challenges. Taken
together, our results argue strongly that paternal dietary effects
on offspring metabolism, at least in our system where diet is
consumed from weaning onward, are not mediated by cytosine
methylation in sperm.
A wide variety of paternal exposures have been reported to in-
fluence offspring phenotype in mammals (Rando, 2012), but at
present, the mechanistic basis by which paternal information isecember 21, 2015 ª2015 Elsevier Inc. 755
Figure 5. Linking the Sperm Epigenome to
Offspring Phenotype
(A) Schematic of system used to link the paternal
sperm epigenome to offspring phenotype. For
a given sperm sample, 5% of the sample was
used to generate offspring via IVF and surgical
implantation. Ninety-five percent of the sperm
sample was used for analysis of cytosine
methylation, and methylation and mRNA abun-
dance data from matched offspring were ob-
tained. Importantly, the very same sperm sample
used to generate offspring was also used for
molecular analysis.
(B) Heritability of rDNA methylation patterns.
45S promoter methylation was analyzed by py-
rosequencing for 25 sperm samples and 75
matched offspring livers.
(C) Cytosine methylation at the rDNA repeats is
correlated with rDNA copy number. The x axis
shows rDNA copy number in sperm samples as
assayed by digital droplet PCR, with y axis
showing average 45S methylation for the same
sperm sample.
See also Figure S6.passed to progeny remains unknown for all such paradigms.
Although the paternal environment has been reported to cause
changes in cytosine methylation in sperm in several paternal
effect paradigms, in all reported cases the changes in cytosine
methylation are relatively modest, with 10%–20% changes in
methylation at a handful of loci being typical. As each individual
sperm carries a single haploid copy of the genome, suchmethyl-
ation changes reflect a change in the fraction of sperm which
carry a methylated CpG at a given location—such population
changes in ‘‘digital’’ sperm are unlikely to cause penetrant ef-
fects on offspring phenotype. Thismotivates a focus in this study
on clusters of CpGs, which could potentially act in concert to
exert penetrant ‘‘analog’’ effects on offspring phenotype.
However, we fail to identify any significant changes in the
sperm methylome that could be confirmed in extensive follow-
up studies, arguing against the hypothesis that the sperm meth-
ylome is responsible for paternal dietary effects on offspring
metabolism, at least for low-protein and high-fat diets. Instead,
we confirm and extend prior findings (Carone et al., 2010) that
‘‘epivariation’’ between control animals that are not littermates
is a far stronger influence over the sperm epigenome than is an
animal’s diet. Epivariation is most notable over CpG island
shores and across tandem repeat regions, including rDNA. How-
ever, detailed follow-up at the rDNA loci in our system reveals
that variability in cytosine methylation at these clusters is corre-
lated with changes in rDNA copy number, strongly suggesting
that rDNA methylation differences between animals reflect ho-
meostasis of rRNA production. This last result almost certainly
explains the strong inheritance of methylation levels at the 45S
locus (Figure 5), with genetic inheritance of a relatively labile
tandem repeat resulting in apparent inheritance of methylation
levels.756 Developmental Cell 35, 750–758, December 21, 2015 ª2015 ElsInterestingly, rDNA copy number and cytosine methylation in
paternal sperm were anti-correlated with Sqle expression
in offspring (Figures S6D and S6E). This is consistent with prior
observations of widespread gene regulatory consequences of
rDNA copy number in organisms such as flies (Paredes et al.,
2011) and humans (Gibbons et al., 2014). However, as detailed
above, rDNA copy number and cytosine methylation are not
consistently altered by diet. Thus, we conclude that random or
unexplained variation in the rDNA locus explains a subset of
the variation in cholesterol metabolism that is observed among
inbred nearly isogenic animals, but is not responsible for the
effects of paternal diet on metabolism. Given that offspring
metabolism is altered in response to paternal diets, paternal
stress, maternal diets and stress, and even brief embryo culture
(Rando and Simmons, 2015), it will be interesting to determine
where and how these ancestral inputs converge during develop-
ment. Ongoing studies on paternal dietary effects are focused on
chromatin packaging, RNAs, and DNA-binding proteins as po-
tential carriers of paternal dietary information.EXPERIMENTAL PROCEDURES
Animal Husbandry
Mice used in this study included C57Bl6/J and FVB/NJ strains from Jackson
Laboratories. Animals were maintained on-site in accordance with approved
IACUC protocols.
Dietary Regimens
The 61 animals in the epivariation dataset included animals consuming stan-
dard laboratory chow, a defined control diet (Bioserv AIN-93 g), a low-protein
diet based on AIN-93 g (10%of protein rather than 19%, remainingmassmade
up with sucrose), a high-fat diet 60% fat based on Ain-93 g (Bioserv S3282), as
well as animals provided with nicotine hydrogen tartrate (200 mg/ml nicotine,evier Inc.
reported as free base) in drinking water sweetened with 2% saccharine to
increase palatability, or animals provided with tartaric acid and saccharine
water alone. Animals were placed on diet at weaning (21 days) until mating
or sacrifice (10–12 weeks).
Isolation of Epididymal Sperm DNA
Animals were sacrificed by isoflurane administration followed by cervical dislo-
cation. For sperm isolation, cauda epididymis and vas deferens were rapidly
dissected and punctured and were incubated in 500 ml of human tubule fluid
(HTF; Millipore MR-070-D) at 37C for 30 min. Supernatant was removed.
Sperm were pelleted at 2,000 g for 5 min, washed once with 1 ml water, and
then pelleted. Sperm were washed again with 1-ml PBS and pelleted again.
Sperm were resuspended in 400-ml DNA Lysis Buffer (10 mM Tris, 5 mM
EDTA, 0.5% SDS, and 200 mMNaCl) with 10 mM dithiothreitol (DTT) and incu-
bated at 37C for 30 min. Sperm were subjected to needle homogenization;
20 mg/ml proteinase K was added to the homogenate and incubated at 55C
for 16 hr. DNA was extracted with Phenol:Chloroform:Isoamyl Alcohol and
precipitated with 100% EtOH.
IVF
IVFwas performed according toManipulating theMouse Embryo, Second Edi-
tion (Nagy, 2003). FVB/NJ mice were used as oocyte donors, and sperm was
isolated from males fed dietary regimes as above. Fertilization took place in
250-ml HTFmedia covered inmineral oil, pre-gassed in 5%CO2 at 37
C. Swiss
Webster Females between 25 and 35 g were used as two-cell stage embryo
recipients via unilateral oviduct transfer.
RRBS
RRBS was carried out as previously described (Boyle et al., 2012). Briefly,
genomic DNA was digested with MspI, ends were filled-in, and fragments
were A tailed. DNA fragments were ligated to methylated barcoded adaptors.
DNA was subjected to bisulfite conversion and PCR amplified. Cleanup and
size selection were performed with SPRI AMPure XP beads.
WGBS
Control and low-protein WGBS pools were generated from eight paired animal
samples in which one sibling was weaned to control diet and the other sibling
was weaned to low-protein diet (Table S1). Control/high-fat pools were gener-
ated using a similar approach using seven animal pairs. For each pool, 1 mg of
genomic DNA was contributed by each animal. DNA was sheared to an
average length of 100–500 bp with a Covaris sonicator; fragment ends
were cleaned up and A tailed. Fragments were ligated to pre-methylated
Illumina paired-end adaptors, bisulfite converted, and PCR amplified.
Libraries were subjected to paired-end 50 bp sequencing on Illumina HiSeq
sequencers, yielding an average of 1.4 billion reads and 140 billion bp of
sequence.
In addition, 12 sperm samples from individual males were subject to WGBS
using the TruSeq DNA Methylation kit (Illumina) according to the manufac-
turer’s instructions. To allow for multiplexed sequencing of libraries, individual
libraries were barcoded using the TruSeq DNAMethylation Index PCR Primers
(IIlumina). Size selection and DNA purification were performed using Ampure
XP beads (Agencourt) according to the TruSeq DNA Methylation kit protocol.
Library quantity was determined using the Library Quantification kit (Kapa
Biosystems). Paired-end sequencing was performed on an Illumina Next-
Seq500 system in a 2 3 75 bp run with 30% PhiX Control (Illumina). Individual
samples were sequenced to an average depth of 140 M reads (21 billion bp,
73 coverage) per sample. Methylation data for most samples were moder-
ately well correlated (r0.75 or greater), except for outlier sample ‘‘43HF’’
(r < 0.5 with most samples), which was therefore not included in downstream
analyses.
Data Processing and Analysis
Technical replicas were merged together for the pooled WGBS dataset. Data
were mapped against mm9 mouse genome with bsmap software v.2.73
(Xi and Li, 2009). Default parameters were used for error rate, and maximum
number of equal best hits was selected as default as well. For the majority
of analyses, if more than one read pair had the same sequence as other
read pairs in the same sample dataset, only one of the identical read pairsDevelopmewas used for mapping and further analysis. Bsmap was also used to perform
methylation calls. To get a methylation level for a given CpG, information from
C from both strands was combined together. Differentially methylated CpGs
were discovered with the methylKit R package (Akalin et al., 2012). Discovered
CpGs were merged using tiling arrays with 300 nt windows to calculate
p values, q values, and fold enrichment factors for high fat and its control,
low protein and its control. The data can be found in Table S2.
Data for the 12 individual sperm samples were processed similarly. methyl-
Kit was used to compute the fraction of methylated CpGs in each 300 base
window across the genome. For the heatmap in Figure S3C, tiles were filtered
by requiring a mean CpG coverage of five reads (as recommended by Ziller
et al., 2015).
Pyrosequencing
Cytosine methylation data for individual loci were generated using a QIAGEN
Pyromark Q24 pyrosequencer. Genomic DNAwas bisulfite converted, and loci
to be analyzed were amplified by PCR; primers are listed in Supplemental
Information. Amplified DNA was cleaned up and analyzed using the manufac-
turer’s protocol for the Pyromark Q24.
rDNA Copy Number Analysis
Digital droplet PCR was used to measure rDNA copy number, performed ac-
cording to the manufacturer’s protocol (Bio-Rad). Briefly, purified sperm DNA
was digested with the restriction endonuclease DpnI. Reaction mixtures were
madewith target copy number variable sequence (for example, 45S rDNA) and
internal control (Gapdh). Droplet generation was performed, followed by
endpoint PCR. Droplets were read by QX200 droplet reader, and quantitation
was performed using Quantasoft software. DdPCR data were well correlated
with lower precision rDNA copy numbers as measured by q-PCR (not shown).
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